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Abstract. Recognizing the wide-ranging ecological,
economic, and social importance of healthy streams,
Upstate Forever’s Rural Waters program created a GIS
model to identify land in Oconee, Pickens, and Greenville
Counties that would have the largest negative impact on
water quality if it were significantly disturbed or
irresponsibly developed. The three-part, customizable
model compiles several types of data layers and converts
them into raster datasets of equally sized cells. Then, each
cell of every raster is assigned a value based on its
influence on water quality. Finally, the raster layers are
stacked and added, providing a Critical Watershed Area
(CWA) value for every cell in the landscape. Cells with
higher values are considered more critical to water quality.
The CWA values may be averaged over sub-watersheds
and prioritized for protection by incorporating the threat of
development. Several prioritization options are discussed.
The model and instructions are available by request.
INTRODUCTION
The study area covers Oconee, Pickens, and Greenville
Counties.
Together, these three counties cover
approximately 1,900 square miles and contain a blend of
urban and rural landscapes. Development is encroaching
on this area at a rapid pace, with the GreenvilleSpartanburg area ranking as the fifth most rapidly
sprawling region in the United States (Ewing et al. 2002).
Poor development practices have led to increased rates of
sedimentation and stormwater runoff (Saluda-Reedy
Watershed Consortium, 2005).
Being proactive about protecting water quality, Upstate
Forever developed a computer model to identify land that
is the most critical to preserving high water quality. This
critical land, if irresponsibly developed or significantly
disturbed, is predicted to have a disproportionately large
negative impact on water quality. To prioritize the land
deemed critical by the model, we also incorporated data
from a 2007 regional growth projection study completed
by the Strom Thurmond Institute at Clemson University
(Campbell et al. 2007).

METHODS AND RESULTS
Initial input was solicited from a group of local experts
from various agencies, universities, and organizations to
identify data important to the study. Once identified, the
data was gathered and prepared for the model by
converting all data forms into raster datasets of equally
sized cells. Then, the raster cells in each layer were given
values based on their relative impact on water quality.
Finally, the layers were added together, resulting in a final
map where each cell has a value representative of its
importance to water quality. The model consists of three
passes created in ArcGIS 9.3 Desktop Model Builder.
Model properties were set to designate 30x30 meter raster
cells, in the North American Datum 1983, UTM Zone 17.
First Pass
The first pass of the model is based on the Revised
Universal Soil Loss Equation (RUSLE) and is used as an
estimate of the amount of sediment that could enter nearby
waterways: A = C * R * LS * K * P, where A = soil loss
(tons/acre/yr), C = cover, R = rainfall erosivity, LS = slope
length and steepness, K = soil erosivity, and P = support
practice (Renard et al. 1996).
The Universal Soil Loss Equation (USLE) was
described and published in Agriculture Handbook No. 537
in 1965 and revised in 1978 (Wischmeier and Smith) and
is widely accepted as a major conservation-planning tool.
The revised equation uses the same variables as USLE,
but includes several improvements. RUSLE is typically
used for small areas of land, such as a field or pasture.
Therefore, several variables in the equation required
modification to estimate values over a larger landscape.
The cover variable (C) accounts for the influence of
specific crops and crop rotations on erosion rates. In this
model, we substituted National Land Cover Dataset
(NLCD) land cover classes from 2001. There are no
recognized C values for large land cover classes, so values
were estimated based on a previous study (Ma, 2001).
High C values correspond to land cover types that allow
greater rates of sedimentation. For example, barren land
is given a C value of 1.0, cropland is given a value of
0.24, and a mixed forest is given a C value of 0.007.

Rainfall Erosivity (R) is an indication of the two most
important characteristics of a rainstorm: the amount of
rainfall and the peak intensity. Rainfall erosivity maps are
available from the USDA Agriculture Handbook No. 703.
The rainfall index for the study area ranges from
approximately 245 to 275. Since no digital data is readily
available, a raster was created and reclassified over a
gradient to approximate the range of values over the
landscape.
Slope Length and Steepness (LS) represents the effect
of the physical landscape on erosion. An equation
proposed by Moore and Burch (1986a and 1986b) and
used in a process described by Engel (2003), was used to
approximate the LS value over the landscape: LS= (Flow
Accumulation * Cell Size / 22.13) 0.4 * (sin slope / 0.0896)
1.3
.
Soil Erosivity (K) is a measure of the susceptibility of
bare surface soil to erosion. This data is readily available
at the Soil Survey Geographic (SSURGO) database. K
values were downloaded and appended to soil polygon
layers and then converted to raster format.
The Support Practice (P) factor reflects the impact of
support practices on the average erosion rate, traditionally
referring to tilling practices and row-to-slope orientation.
The model assumes a worst-case scenario by setting P = 1
meaning no supporting practices are in place to reduce soil
erosion.
After each variable was calculated, the raster layers
were multiplied to calculate A, the potential soil loss in
tons/acre/year from each 30 x 30 meter cell. However,
because we are interested in identifying the areas that
would have the greatest negative impact on water quality
if developed or disturbed, we calculated A again, letting C
(cover) = 1, meaning bare ground. This calculation
simulates the clearing of land or some significant
disturbance of the land cover that leaves soil vulnerable to
erosion. Then, subtracting the original A value from A
when C = 1 produces a value for each cell that describes
the change in potential soil loss upon land clearing (Adiff =
AC=1 – Ao).
Second Pass
The second pass incorporates land-based influences on
water quality and current in-stream water quality into the
model and allows for customization by adding or
removing data layers based on available data and
relevance to the study area. Data includes wetlands,
streams, lakes, the SC Department of Health and
Environmental Control (DHEC) classification of water
and impaired waters, sourcewater protection areas,
groundwater protection areas, protected lands, roads and
railroads, confined animal feeding operations (CAFO),
National Pollutant Discharge Elimination System
(NPDES) wastewater discharge sites, and underground
storage tanks (UST).

	
  

In this step, each cell is given a value based on its
distance to an impacting source. For each input data layer,
the Euclidian distance to every other cell in the raster
landscape is calculated, then reclassified on a 1-10 scale,
where 1= not critical to water quality and 10 = very
critical to water quality. For example, cells that are close
to a source of negative impact on water quality, such as
road, have a value of 1, while cells that are farther away
have higher values. If the impact on water quality is
positive, such as a protected parcel, the scale is simply
reversed so that cells closest to the protected parcel have a
value of 10 and land that is farther away has lower values.
The model provides two options for assigning an instream value based on water quality. The simplest option
uses a combination of the DHEC stream class and
impaired streams compiled from the impaired waters
(303(d)) list and streams with a written Total Maximum
Daily Load (TMDL). Initially, polyline streams are
converted to rasters. Then, cells corresponding to the
flowpath of the stream are given the following values (by
reclassification): Outstanding Resource Water (ORW) =
10; Trout Natural (TN) = 9; Trout Put Grow and Take
(TPGT) = 8; Fresh Water (FW) = 7; Impaired Water (on
303(d) list or has a TMDL) = 1. This method allows the
stream value to vary along its length with potentially
higher values downstream.
Once a value is assigned for every stream segment, the
Euclidean distance is calculated and then reclassified so
that the highest possible value of a cell adjacent to a
stream is the value representing the stream’s current water
quality. For example, a stream segment that is classified as
a TPGT would have a value of 8, so the adjacent land cells
would also have a value of 8. Cell values then decrease
with distance from the stream.
Finally, all of the reclassified rasters from the second
pass are stacked and added together, creating a single
raster dataset where every cell has a value that describes
its influence on water quality.
Third Pass
In the third pass of the model a final value is calculated
for every cell, called the Critical Watershed Area (CWA)
value, which indicates how critical the cell is to
maintaining high water quality. In this pass we also
incorporate the probability of development as a
prioritization tool.
The final rasters of the first and second passes are
normalized on a 1-10 scale to ensure equal influence and
then summed. The resulting map shows a range of CWA
values where high values indicate areas of highly critical
land (Figure 1). Lands with high values are likely to be
characterized by steep slopes, erodible soils, high quality
waters, and low road density. Another way to view the
results across the landscape is to average the cell values
over a smaller geographic boundary. For our model, we

choose Hydrologic Unit Code 12 boundaries. However,
values could be averaged over any area depending on the
purpose. For example, averaging the CWA values for
parcels may be useful in deciding between the protection
of one parcel over another.
In order to further prioritize critical land for protection
efforts, we incorporated the probability of future land
development into the model. A probability grid was
available from a study completed by Clemson
University’s Strom Thurmond Institute, providing a
decimal value between 0 (not developed) and 1 (already
developed) for every cell in our study area that indicates
the probability that the cell will be developed by 2030
Figure 3. Average CWA versus average POD for each
HUC 12 subwatershed.

Figure 1. CWA values. High values indicate areas
where protecting the integrity of the land is critical to
maintaining high water quality.

	
  

(Campbell et al. 2007, Figure 2). This data was also
averaged over subwatershed.
Combining the CWA values and the probability of
development (POD) values allows for prioritization based
on the relative threat of development in each
subwatershed. Since priorities are based on subjective
stakeholder values, several prioritization options are
discussed below:
1) Subwatersheds with the highest CWA values can be
prioritized, disregarding the threat of development
completely and focusing conservation efforts only on the
land deemed most critical to water quality.
2) Conversely, subwatersheds with the highest POD
value can be prioritized, ignoring the CWA value and
focusing only on the imminent threat of development.
3) Some combination of importance to water quality
and risk of development is likely to provide a more
effective method of prioritizing land for protection. One
way to do this is to multiply the CWA value by the POD
value for each cell, raising the CWA value relative to the
corresponding threat of development.
4) The user may also establish subjective thresholds for
what value would designate a subwatershed as “critical”
or “threatened” and then prioritize subwatersheds based
on the thresholds. Graphing average CWA values against
average POD values allows the user to divide the plot into
quartiles (Figure 3). Here, thresholds are set at CWA = 6
and POD = 0.25. Each quadrant is mapped to show the
options for priority protection (Figure 4).
DISCUSSION

Figure 2. Probability of land development by 2030.
High values indicate land that is already developed or
has a high probability of development. Data provided
by the Strom Thurmond Institute.
	
  

	
  

Prioritizing land for protection depends on the values of
the stakeholder or user. This model allows for the
inclusion of many different data types. Using an approach
that is both logical and customizable, the model offers

Incorporating an economic factor in the third pass could
aid in prioritization. This could be achieved by graphing
the average CWA value against price for each parcel.
Prioritization schemes could be devised using subjective
thresholds for each variable. Parcels could be prioritized
further based on available funds and the probability of
development.
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Figure 4. Subwatersheds groups based on CWA and
POD thresholds provide prioritization options.
several prioritization options to accomplish the goal of
identifying land important to water quality.
The model can be adapted to fit any landscape size
depending on the data available in that area. An
appropriate prioritization option can be chosen based on
stakeholder values, funding needs, public support,
feasibility, or any other relevant criteria. Providing more
than one way to analyze and visualize the results allows
for greater cooperation among stakeholders, leading to an
outcome that is more likely to be supported and
implemented.
Potential model improvements
The model assumes that the RUSLE equation can be
reliably adapted to a large landscape. Because of the
drastic elevation change over our study area, slope may
have an exaggerated influence on the result of the first
pass. To alleviate the strong influence of slope, the first
pass raster could be weighted such that its influence on the
CWA value is lessened.
We also assume a “worst-case” scenario for the P value,
meaning that there are no erosion control practices in
place, when many developers use Best Management
Practices (BMPs). This assumption could result in
exaggerated soil loss (A) values. However, because the
assumption is universal across the study area, A values
remain a good relative indicator of potential soil loss. One
way to increase the reliability of the RUSLE equation, as
used in this study, would be to identify areas where BMPs
are strictly enforced and modify the P value accordingly.
In the second pass of the model, the availability and
reliability of data layers are limiting. Additional data,
such as power line rights of way, golf courses, and
drinking water sources, were discussed but not included in
the model because they were either not available or only
available in a portion of the study area.
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